Abstract: Information theoretic estimators for the first-order spatial autoregressive model are introduced, small sample properties are investigated, and the estimator is applied empirically. Monte Carlo experiments are used to compare finite sample performance of more traditional spatial estimators to three different information theoretic estimators, including maximum empirical likelihood, maximum empirical exponential likelihood, and maximum log Euclidean likelihood. Information theoretic estimators are found to be robust to selected specifications of spatial autocorrelation and may dominate traditional estimators in the finite sample situations analyzed, except for the quasi-maximum likelihood estimator which competes reasonably well. The information theoretic estimators are illustrated via an application to hedonic housing pricing.
Introduction
Information Theoretic (IT) estimators are alternatives to traditional estimators [1] [2] [3] and have been applied in a variety of modeling contexts [4] [5] [6] [7] [8] . The IT estimators are semi-nonparametric in nature and lead to a wide and flexible class of estimators that are minimally power divergent from any reference distribution and both consistent with a nonparametric specification of the model and a parametric specification of empirical moment conditions. The estimators are generally asymptotically efficient and can have superior sampling properties in terms of mean squared error relative to traditional estimators [9] . Application of IT estimators to spatial regression models is currently limited [10, 11] . In order for such estimators to be more widely adopted, it is important that analysts be aware of the ways in which they can be implemented empirically, and that they also have an understanding of the estimators' finite sample properties for work with smaller-to-medium size samples prevalent in applied work.
Spatial estimators are particularly relevant when variables, related through their location, can influence economic behavior and equilibrium outcomes. For instance, spatial patterns are found in regional adoption of agricultural technology [12] and in a household's behavior when a household gains utility in consuming bundles similar to those consumed by its neighbors [13] . Spatial spillover effects arise from technical innovations [14] and geographic proximity of a firm's competitors might directly determine its marketing strategy [15] . Recent empirical studies in agriculture focused on spatial aspects of technology adoption, structure of production, market efficiency, arbitrage, and integration [16] [17] [18] [19] [20] [21] [22] [23] .
The objectives of this paper are to introduce a generalized information theoretic estimator of the first-order spatial autoregressive model, compare finite sample properties of selected IT estimators with traditional ones, and provide an illustration of the estimator's implementation in the context of an empirical application. The IT estimators analyzed include the maximum empirical likelihood, maximum empirical exponential likelihood, and maximum log Euclidean likelihood estimators. Finite sample properties of these estimators are investigated in the context of an extensive Monte Carlo analysis conducted over a range of finite sample sizes, a range of spatial autoregressive coefficients, selected forms of heteroscedasticity, different distributional assumptions on disturbance terms, and alternative forms of spatial weight matrices typically used in applied econometric work. The estimators are compared to each other as well as to traditional estimators on the basis of root mean square error, and response functions are used to summarize findings of all Monte Carlo experiments. Then each of the IT estimators are applied to the Harrison and Rubinfeld [24] example of hedonic housing prices and demand for clean air [25] . We draw implications and provide concluding remarks in the final section of the paper.
First-Order Spatial Autoregressive Model and Traditional Estimators
Consider a first-order spatial autoregressive model: 
where Y is a n × 1 dependent variable vector, X is n × k matrix of exogenous variables with full column rank, W is a n × n spatial proximity matrix of constants, β is a k × 1 vector of parameters, ρ is a scalar spatial autoregressive parameter, and ε is an n × 1 vector of unobserved residuals with ( ) ε 0 E = and 2 ( ) E σ ′ = εε Ω [26] [27] [28] . The spatial proximity matrix is row normalized [27] or a "row stochastic" [29] matrix, so that row sums are unity and all diagonal elements are zero, i.e., the spatial weight matrix is nonsingular and the reduced form of (1) is well defined [30] . The weights are fixed in repeated sampling and are constructed based on the spatial configuration of points making up a spatial sample. LeSage and Pace [31] provide proper limits on the parameter space for the spatial autoregressive parameter and justification for using an interval from −1 to 1 in most applied situations. This specification of disturbances allows for general patterns of autocorrelation and heteroscedasticity.
A relatively wide variety of alternative estimation procedures for the model, with and without spatially correlated disturbances, have been proposed in the literature. Bayesian estimators are not considered in the current study, but can be found in [32] . The ordinary least squares (OLS) estimator of (1) is generally biased and inconsistent due to simultaneity bias [33] [34] [35] . Under appropriate regularity assumptions, the maximum likelihood (ML) estimator of (1) (with multivariate normal distribution of disturbances) is consistent and asymptotically efficient [27, 36] . The quasi maximum likelihood (QML) estimator is consistent and asymptotically normal [36] . The maximum likelihood approaches were not practical for large datasets until innovations were made (e.g., Barry and Pace [37] ). Generalized method of moments (GMM) estimation has been proposed for its computational simplicity, less restrictive distributional assumptions, and good asymptotic properties [38] [39] [40] [41] [42] . The generalized spatial two-stage least squares (GS2SLS) estimator is consistent and asymptotically normal [38] , and the best spatial two-stage least squares (BS2SLS) estimator is also an asymptotically optimal instrumental variable estimator [43] . However the two-stage least squares estimators are inefficient relative to ML estimator and may be inconsistent [39, 43] . The best generalized method of moments (BGMM) estimator incorporates additional moment conditions and attains the same limiting distribution as the ML estimator (with normal disturbances) [41] . A computationally simple sequential GMM estimator based on optimization of a concentrated objective function with respect to a single spatial effect parameter may be as efficient as BGMM estimator [42] . All of the above estimators of the first-order spatial autoregressive model and their asymptotic properties were derived under the assumption that the disturbance term is homoscedastic.
Regarding the computational implementation of the preceding estimators, assuming a normally distributed disturbance term, ε~2 ( , ) N σ 0 Ω , as is often done in applications, the ML estimator of the parameter vector in (1) is given by:
,
where I is a conformable identity matrix, ( ) ε I W Y Xβ ρ = − − , and |.| is a determinant operator [27, 43] . A difficulty in practice is that there is generally insufficient information with which to specify the parametric form of the likelihood function, so that (2) then represents a quasi-ML approach to estimation. Moreover, the structure of the covariance matrix of the disturbance term is generally unknown. One might contemplate estimation based on less restrictive assumptions about the existence of zero valued moment conditions. The model in (1) can be estimated by the computationally less complicated two-stage least squares (2SLS) method. Instrumental variables are generated from exogenous regressors and a spatial weight matrix [38, 41] . The 2SLS estimator is specified by:
where Z is an n × m instrumental variable (IV) matrix with full column rank and m ≥ k, and
is the orthogonal projector of the column space of Z.
The consistent and asymptotically normal generalized spatial 2SLS estimator (GS2SLS) suggested by Kelejian and Prucha [38] defines the IV matrix as [ , , ] = Z X WX WWX . The asymptotically optimal best spatial 2SLS (BS2SLS) estimator proposed by Lee [43] defines the IV matrix as [ ]
where Z is an (n × m) instrumental variables matrix with full column rank and m ≥ k. The parameters can be estimated as:
where traditionally Ŵ n is an estimate of the asymptotically optimal weight matrix equal to the inverse of the estimated covariance matrix of the moment conditions [44] .
Information Theoretic Estimators
Previous information theoretic econometric literature relating to the spatial autoregressive model of type (1) has focused on generalized maximum entropy. Marsh and Mittelhammer [10] formulate generalized maximum entropy estimators for the general linear model and the censored regression model when there is first order spatial autoregression in the dependent variable. Monte Carlo experiments were provided to compare the performance of spatial entropy estimators relative to classical spatial estimators. Fernandez-Vazquez, Mayor-Fernandez, and Rodriguez-Valez [11] compare some traditional spatial estimators with generalized maximum entropy and generalized cross entropy estimators by means of Monte Carlo simulations. Bernardini Papalia [45] applied generalized crops entropy for modeling economic aggregates and estimating their sub-group (sub-area) decomposition when no individual or sub-group data are available.
To extend the literature relating to IT estimators for the spatial autoregressive model, we first modify the moment conditions in (4). The empirical moments for the IT estimator of the parameters in (1) are specified as:
where p is an (n × 1) vector of unknown empirical probability weights supported on a sample outcome ( , ) Y X , and denotes the extended Hadamard (elementwise) product operator. For example, the concept of empirical probability weights is developed in the framework of empirical likelihood function [46] . The value of the empirical likelihood function is the maximum empirical probability
that can be assigned to a random sample outcome of ( , ) Y X among all distributions of probability p supported on the ( , ) i i X Y 's that satisfy the empirical moment conditions, adding up restriction 
A generalized IT estimator of the unknown parameters in (1) is specified as the values of the parameters that solve the following optimization problem subject to empirical moments, normalization, and nonnegativity constraints given by:
The objective function ( ) φ p in (7) is the negative of the Cressie-Read power divergence statistic [48] given by:
where γ is a given real-valued constant, and Y X . The empirical probability density is taken to be fixed and the estimated probability weights i p are calculated to solve the moment equations in (6) while being as minimally divergent from the empirical probability distribution as possible. The specification in (7) is a general representation of the objective function which defines a class of IT estimators for the model in (1). This estimation approach circumvents the need for estimating a weight matrix in the GMM procedure. The Lagrange form of the extremum problem in (7) is given by: [ ]
and
The first set of equations in (10) links the empirical probability weights i p 's to the unknown parameters β, ρ, and λ through the empirical moment conditions. The set of equations in (11)- (13) modifies traditional orthogonality conditions of GMM estimation. Equation (14) is a standard normalization condition for the empirically estimated probability weights.
In order to derive the IT estimator, let
∀i. Then the general solution for p in terms of parameters and Lagrange multipliers is:
where
is a well-defined vector-valued inverse function.
Substituting (15) into (6) leads to a well-defined solution for λ under general regularity conditions (Qin and Lawless [49] ) which is an implicit function of parameters β and ρ denoted by:
where * η is the optimal value obtained from the first order conditions. Substituting ( , , ( , )) p β λ β ρ ρ , ( , ) λ β ρ , and * η in (7) produces the concentrated objective function:
which assigns the most favorable empirical weights to each value of the parameter vector from within a family of multinomial distributions supported on the sample ( , ) Y X and satisfying the empirical moment equations in (6) .
The IT estimators behave like conventional likelihood estimators in the sense that they are obtained by maximizing the objective function in (17) 
Let the empirical probability density in (8) be fixed to a discrete uniform distribution [ ]
The optimal i p for the MEEL estimator can be expressed as:
The optimal i p for the MLEL estimator can be expressed as:
where [ ] 
Monte Carlo Experiments
In order to compare the finite sampling properties of the estimators, extensive Monte Carlo sampling experiments were conducted. For a range of small sample sizes, spatial autocorrelation parameters, and commonly used weight matrices, finite sample performances of the IT estimators are compared to the OLS, 2SLS, GMM, and QML estimators noted in Section 2.
Monte Carlo Design
The Monte Carlo experiments are constructed in the following manner: three different sample sizes were analyzed, namely, n = 25, 60, and 90. For each sample size, three different specifications of spatial weight matrices were used. Weight matrices differ in their degree of sparseness, they have equal weights, and an average number of neighbors per unit, J, is chosen to be J = 2, 6 and 10 [50] .
Eleven values for the spatial autoregressive coefficient ρ in (1) In addition, three different parametric functional forms for the distribution of the disturbance term ε in (1) are analyzed, together with varying specifications relating to heteroskedasticity. First, normally distributed homoscedastic disturbance terms, i ε~2 (0, ) N σ for ∀i = 1,…,n, are considered and referred to as H = 1. Three forms of heteroscedasticity are also specified for the normal distribution such that To keep the Monte Carlo study manageable in terms of reporting results, bias and spread of the estimator distributions are measured by root mean square error (RMSE). Since sample moments for the calculation of the standard RMSE might not exist, the RMSE's measure proposed by [50] is used, which guarantees the existence of necessary components. According to Kelejian 
where RMSE i is the RMSE of an estimator of a given parameter in the ith experiment and the parameters 1 9 ,..., a a are different for each estimator of each parameter. For each case considered, the parameters of (22) are estimated using the entire set of 297 Monte Carlo experiments for each distributional assumption by least squares after taking natural logs on both sides.
Results
There are three types of results presented. First, tables of root mean square errors of the estimators for a subset of experiments are reported. Second, average RMSEs for the entire Monte Carlo study are provided. Finally, response functions for the RMSEs of estimators are estimated, and graphs of these response functions are presented.
In order to conserve space, Tables 1-3 Table 1 , the RMSEs of the QML estimator of ρ are the lowest and the OLS estimator are the largest, since the OLS estimator is inconsistent and the QML estimator with a normally distributed homoscedastic disturbance term is consistent and efficient. This is not surprising since in this case, the QML estimator is actually a correctly specified classical ML estimator. The IT estimators of ρ have the second lowest RMSEs, outperforming the OLS, 2SLS, and GMM estimators. The MEL estimator outperforms the other IT estimators but is, on average, slightly less efficient than the QML estimator. Tables 2 and 3 The results of the Monte Carlo experiments for other distributional assumptions are consistent with the results for a subset of parameter space for the case of H = 1 reported in Tables 1-3 . In fact, Tables 4 and 5 indicate that the RMSEs of the QML estimator of ρ are the lowest, regardless of sample size, average number of neighbors, and distributional assumptions considered. The IT estimators of ρ have the second lowest RMSEs across all Monte Carlo experiments, being less efficient than the QML estimator, but often outperforming OLS, 2SLS, and GMM estimators. Tables 6-9 indicate that the RMSEs of QML and the IT estimators of 1 β and 2 β are roughly the same with the exception of the MEL estimator which is, on average, less efficient than the QML estimator for 1 β and 2 β . Indeed, many cases exist where IT estimators (e.g., MLEL) outperform QML. In any case, the loss of efficiency of the IT estimators relative to the QML estimator is, on average, small and mostly arises from estimation of the spatial autocorrelation coefficient ρ. The response functions (22) are used to depict a relationship between the RMSEs of estimators over the set of all considered parameter values. Figures 1-3 The RMSEs are related to the spatial autocorrelation parameter, ρ, in a concave fashion. The difference in the RMSEs between QML and IT estimators increases as ρ approaches zero, and it decreases as ρ approaches ±1. The QML estimator outperforms the IT estimators for all distributional assumptions considered and for J = 2, 6, 10. The response functions for the three IT estimators considered are related to the ρ in similar fashion and have comparable magnitude. As sample size increases, differences between the response functions of QML and IT estimators declines.
The results of the Monte Carlo study suggest that in certain sampling situations information theoretic estimators of the first-order spatial autoregressive model have superior sampling properties and outperform traditional OLS, 2SLS and GMM estimators with the exception of quasi-maximum likelihood estimator. 
Illustrative Application: Hedonic Housing Value Model
Harrison and Rubinfeld [24] estimated demand for clean air or the dollar benefits of air quality improvements. The approach estimates willingess to pay for better air quality based on the presumption that consumers pay more for an identical housing unit located in an area with good air quality than in an area with poor air quality. The hedonic housing value function translates housing attributes into a price. The household's annual wiliness to pay for a small improvement in air quality is the increased cost of purchasing a house with identical attributes except for marginal improvement in air quality found by calculating the derivatives of the hedonic housing price equation with respect to the air pollution attribute.
The housing data for census tracts in the Boston Standard Metropolitan Statistical Area (SMSA) in 1970 contains 506 observations (one observation per census tract) on 14 independent variables. The dependent variable is the median value of owner-occupied homes in a census tract (MV). Independent variables include two structural attribute variables, eight neighborhood variables, and two accessibility variables such as average number of rooms (RM), proportion of structures built before 1940 (AGE), black population proportion (B), lower status population proportion (LSTAT), crime rate (CRIM), proportion of area zoned with large lots (ZN), proportion of non retail business area (INDUS), property tax rate (TAX), pupil-teacher ratio (PTRATIO), location contiguous to the Charles River (CHAS), weighted distances to the employment centers (DIS), and an index of accessibility (RAD) [25] . In addition, the pollution variable (NOX), which is the concentration of nitrogen oxides, is used to proxy air quality.
Gilley and Pace [52] specify the best functional form of the hedonic housing equation given by: where W is a distance matrix, and ρ is a scalar spatial autoregressive parameter. The OLS, 2SLS, GMM, QML, MEEL, MEL, and MLEL estimates are reported in Table 10 . All coefficients have the expected signs [24] . OLS exhibits biasness consistent with the outcomes of the Monte Carlo experiments. The 2SLS, MEEL, and MEL estimates are very comparable across parameters. The information theoretic and the QML estimators provide similar estimates of the model parameters with an exception being the spatial autoregressive parameter ρ. Table 10 . Estimated parameters of the hedonic housing model. traditional estimators, it was found that in certain sampling situations information theoretic estimators of the first-order spatial autoregressive model have superior sampling properties and outperform traditional OLS, 2SLS and GMM estimators. However, while generally comparable in RMSE, the IT estimators do not consistently outperform the quasi-maximum likelihood estimator. Findings suggest that one can confidently use information theoretic estimators for estimating the first order spatial autocorrelation model for small sample sizes, and they represent defensible alternatives when maximum likelihood estimators cannot be easily computed. The estimation of the housing value model provided a practical illustration of the implementation and results forthcoming from OLS, 2SLS, QML, and information theoretic estimators. Future work could include comparison of IT estimators with Lin and Lee [53] and Kelejian and Prucha [54] who examined robust GMM estimators incorporating spatial autoregressive structures.
